Abstract-Prediction of gene regulatory elements-enhancers is computationally challenging because features associated with them are ill-understood. Several histone marks are known to be associated with enhancers locations and have been successfully used to predict multiple thousands of enhancers approximate locations. The k-mer (a short continuous nucleotides of length k) is one of the most commonly engineered features from histone sequences for machine learning task. However, usually large kmer (i.e. 5 ≤ k ≤ 7) feature set is needed to perform well and no domain knowledge is used. In this study we proposed the kmer proximity feature which is domain dependent to represent the H3K27ac histone enrichment in DNA sequences. This feature represents the spatial content of DNA sequences. We compare the performances of using the proximity and the k-mer feature for H3K27ac marks prediction and results indicate that the proposed feature gives higher prediction accuracy rates. These findings supported that the proximity feature is a more distinguishing feature of DNA sequences with histone modification enrichment.
I. INTRODUCTION
Application of computational intelligence methods in solving biological problems such as regulatory elements prediction [1] - [3] , splice sites identification [4] and epigenetics prediction [5] , [6] have been extensively studied. Among various computational methods, supervised machine learning is found to be one of the promising methods due to its capability in discovering patterns and relationships between DNA sequences data [7] . DNA sequences consist of various nucleotides (A, C, G, T) combination which form the basis of all biological function. Each organism has its own set of DNA sequences with increasing complexity for higher level organisms. For example, the length of DNA sequences in the most complex organism, human genome is approximately 3 billion base pairs (bp) [8] .
DNA sequences which are initially represented using alphabets are not an appropriate input for supervised machine learning methods thus have to be converted to numerical representations [9] . Through these conversion processes, huge amount of numerical data is produced. It is not possible to interpret or utilize these rich and complex data without proper techniques to extract useful information. Various information or also known as patterns can be inferred from these DNA sequences which play an important function in determining the success of biological prediction. Therefore, feature extraction is crucial to simplify the data before it is feed into supervised machine learning to produce prediction with high accuracy.
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Numerical DNA features extracted from DNA sequences function as input variables which can be in the form of continuous, binary or categorical values [7] . Good features have characteristics such as highly informative in order to facilitate the learning of classifier and generalizable for future prediction. In addition, a set of good feature does not contain much redundancy which may increases the computational complexity. In biological prediction, features extracted from DNA sequences are mostly application-specific as different biological functions may consist different DNA patterns.
In this paper, feature extraction is performed on one of the histone modification marks namely H3K27ac. This histone is targeted as it is highly related to active enhancer sites which are found to be an important element in biological functions [10] . In addition, research on predicting this histone mark is not as comprehensive as H3K4me1 which is found to be correlated with both active and poised enhancer. Therefore, this paper focused on extracting the spatial patterns from H3K27ac sequences specifically the proximity between short DNA patterns also known as k-mers in general. It is hypothesized that conventional k-mers frequency has many weaknesses thus insufficient to represent DNA sequences for discriminating between those enriched with and without H3K27ac histone modification. This paper is organized as follow; Section II discusses on previous works related to the methods and different types of features extracted from DNA sequences data. Section III presents a detailed framework on extraction of k-mer proximity feature from DNA sequences enriched with and without H3K27ac histone modification. Following that, Section IV includes experiments results and analysis on the predictive power of the proposed proximity k-mer feature in comparison with the conventional k-mer frequency features for prediction of H3K27ac histone modification enrichment in human CD4 + T-cells dataset. The last section concludes this study and offers some directions on future work.
II. RELATED WORKS

A. Feature Extraction
Feature extraction is one of the pre-processing stage for prediction tasks using supervised machine learning methods. This stage would generate a feature vector x which stores all feature value of dimension n. In feature extraction, two major steps are involved namely feature generation and feature selection [7] . Feature generation methods have been widely used in computational biology for solving DNA sequence prediction problem. It is a task-dependent process whereby different DNA sequence prediction task would need different features to represent significant patterns for training the classifier. Feature selection is commonly used to choose relevant and useful features from a large set of feature vector which may consist of redundant and irrelevant features. This process helps to reduce noise generated by features which may influence the prediction performance of a classifier. In this study, only feature generation is involved in producing the proximity feature for histone mark prediction.
B. Types of features for DNA sequence prediction
K-mer frequency feature is one of the widely used features for sequence analysis such as prediction of transcription factor binding sites (TFBS), enhancer binding sites, histone modifications [11] and nucleosome occupancy due to its simplicity of extraction and acceptable performance. However, it is found that using k-mer frequency feature alone could not capture the complete information from DNA sequences. Therefore previous studies proposed various approaches of feature extraction framework to increase prediction performance.
One of the possible solutions is to generate and combine different features besides k-mer frequency feature in order to increase the representation coverage of DNA sequences data. In a study of histone modifications prediction [12] , instead of just employing k-mer features, content features such as distance between the target with the beginning and ending of a gene position are incorporated for the prediction. These additional features are shown to be informative with high weight value assigned by the support vector machine. On top of that, a different approach in modelling k-mer frequency feature can also increases the predictive power of the feature. Instead of using normal frequency calculations, absolute frequency [13] is used to capture different types of patterns from the DNA sequences while [14] model the k-mer frequency using wavelet representations. Both of these feature generation methods is able to capture different types of patterns from the DNA sequences which are highly correlated to nucleosome positioning and histone modifications prediction. Therefore, using these features for both of these predictions have shown to increase the prediction accuracy.
On the other hand, a novel k-mer tree feature generated using Genetic Algorithm is proposed for H3K4me1 prediction [15] . In this study, the complex tree feature comprises of k-mers with different length and characteristics (gapped and not gapped) are joined with logical operators. This complex tree feature significantly reduced the number of feature vector dimensions yet maintaining the accuracy of prediction. This feature is able to capture k-mer interaction patterns which are not presence in k-mer frequency feature in which it is found to be important for increasing the performance of histone modification prediction using support vector machine.
Besides extracting features related to k-mer, a comparative study [16] performed prediction of transcription factor binding sites (TFBS) using sequence features such as motif matching score, CG content and average conservation score. All of these feature vectors are feed into different classifier such as neural networks, support vector machines, step-wise regression method and Bayesian additive regression splines. By applying these techniques, this comparative study is able to identify features which have higher predictive power which can then be used to boost the overall TFBS prediction.
From various studies, it can be inferred that different features or also known as patterns can be discovered from DNA sequences. These patterns provide significant representation on the huge amount of DNA sequences data. Appropriate features to represent the data can definitely help to increase performance of DNA sequence prediction. Instead of using conventional k-mer frequency feature which could not provide a complete DNA sequence representation, this paper focus on generating proximity based feature [17] which aim to capture the spatial relationship between k-mers of interest.
III. METHODS AND MATERIALS
A. Dataset preparation
Positive DNA sequences Negative DNA sequences Figure 1 illustrates the overall framework for this study which consist of three main components namely dataset preparation, feature extraction and classification. Data preparation as shown in Figure 1A involves preparing appropriate positive and negative DNA sequences whereby the former consist of sequences with H3K27ac and the later consist of non-H3K27ac sequences. Information on histone modification enrichments are obtained from validated coordinates and tag values of experimental studies [18] . Coordinates with high tag value were chosen and mapped with DNA genome of human (hg18) to extract DNA sequences of 200bp long. Each of the 200bp positive and negative DNA sequences are represented by nucleotides A, C, G and T.
Subsequently, feature extraction was performed on both of these positive and negative sequences in order to obtain meaningful pattern which presence in positive sequences while rare in the negative sequences. In this study, the focus is on finding the spatial pattern of each k-mer, specifically to find out the proximity of each k-mer in the target sequences. Five major steps are involved in extracting this feature as shown in Figure 1B . A set of feature vector with numerical values of each k-mer distribution in each DNA sequence was formed from this feature extraction procedure. As illustrated in Figure  1C , this feature vector for positive and negative sequences will be divided into test and train set. These feature vectors will act as input to Support Vector Machine for classification to identify between DNA sequences enriched with and without H3K27ac.
A. Data Source
In this study, information on coordinates and tag values of positive sequences, H3K27ac and negative sequences, nonH3K27ac were obtained from previous work [18] while coordinates of negative sequences are derived from region without H3K27ac. Utilizing these coordinates information, mapping is performed to extract relevant sequences from human genome (hg18) in the UCSC genome browser [19] . A filtering was performed to select sequences with high tag values which indicate high confidence of H3K27ac and non-H3K27ac enrichment. A total of 3800 DNA sequences which include 1900 sequences for each positive and negative sequences from chromosome 1 were selected for feature extraction to form feature vector for histone modification prediction.
B. Feature extraction of k-mer proximity
Extraction of k-mer proximity feature from both the positive and negative DNA sequences requires five major steps as detailed out in Figure 1B . Each of the 200bp DNA sequence will undergo all of these steps to obtain one proximity value for a particular k-mer. K-mer is used to represent short DNA sequence whereby the length of this DNA sequence is determined by the value of k. In this study, the proximity value for each of the selected k-mer will be computed from each of the sequences. A total of 16 2-mer (AA, AC, AG, AT, CA, CG, CC, CT, GA, GC, GG, GT, TA, TC, TG, TT) can be formed from the combination of A,C,G and T. Therefore, the row of the feature vector represents number of DNA sequences while column represents all of the 16 2-mer. 
1) Region formation:
In order to examine the proximity or distribution of k-mer in DNA sequences, each of these 200bp sequence is divided into regions of equal length. The number of region is a user defined parameter in which it is fixed at 10 in this study with each of the regions consists of 20bp. In order to ensure sufficient number of matching instances in each region, the length of region should be increased when the length of k-mer increases. A simple illustration on DNA sequence partitioning based on predetermined number of region is shown in Figure 2 . 
2) Computation of k-mer frequency:
This process aims to find out the density of each k-mer in a particular region. For each region in the DNA sequence, the occurrences of all the k-mer were computed and stored in a matrix representation as shown in Figure 3 . Each of the k-mer was matched window by window to the region and the total matched value was recorded. In each of the region, 19 windows for matching can be formed when 2-mer was used whereby 2-mer which occurs frequently will have a higher value. 
3) Computation of relative frequency from k-mer frequency:
Each k-mer frequency was converted into relative frequency value to infer region with the most, least or uniform distribution. Regions with similar relative frequency show similar k-mer occurrences while regions with high or low relative frequency indicate high or low density of a particular k-mer occurrences. Equation 1 is used to compute relative frequency for each of the k-mer frequency value in each region for a sequence. A simple diagram as in Figure 4 shows an example on the variables needed for this computation.
4) Computation of entropy value for DNA sequence: Kmer proximity distribution score indicated by the relative frequency value for each of the region could not provide a good representation for the whole DNA sequence. Each of the DNA sequence has 10 relative frequencies in which using the Shannon Entropy [20] formula, the information content specifically the distribution of a particular k-mer in a sequence can be computed. Applying the concept of Shannon entropy, equation 2 was formulated to find the entropy value for each of the sequence represented by S j , for each of the respective kmer. From the Shannon entropy formula, a high entropy value will be computed if the k-mer occurs sparsely across all the regions with a nearly uniform distribution. On the other hand, if the k-mer occurs with high density in certain regions, low or nearly zero entropy value will be obtained.
Compute proximity value a.
Compute maximum entropy, E(max) = log2 10 b.
For each of the positive and negative sequences, compute a proximity value based on entropy value 
5)
Computation of k-mer proximity score: Entropy value alone could not provide a score with direct implication of k-mer proximity in a sequence. A minimum entropy value will be achieved when all of the k-mer occur in only one region of the sequence while a maximum entropy value will be obtained when k-mer occurrences are located evenly in all regions. Therefore, equation 3 is used to standardize the proximity value represented by Proximity(S j ), which ranges from 0 to 1 whereby the higher score would indicate more regions with k-mer clustered together. Figure 5 illustrates a simple example on generating a proximity feature value for each of the positive, S + j and negative, S -j sequence.
C. Classification using Support Vector Machine
A five-fold cross validation was performed using Support Vector Machine package known as LIBSVM [21] with default parameters. Default support vector classifier with radial basis kernel to classify between the positive and negative sequences. A total of 3800 sequences which consist of 1900 DNA sequences enriched with H3K27ac (positive set) and 1900 DNA sequences without H3K27ac (negative set) are divided randomly into training and testing dataset. For the five-fold cross validation, positive and negative sequences are partitioned into five subsets in which one of the subset was used for testing while the remaining four subsets were used for training. This procedure is repeated five times with a different subset of testing sequences while the remaining four subsets to be training sequences.
IV. EXPERIMENTS AND RESULTS
We evaluate the predictive power, completeness and applicability of the k-mer proximity feature as compared to the commonly used k-mer frequency feature in predicting DNA sequences enriched with H3K27ac. Prediction results from LIBSVM [21] are analysed using Receiver Operating Characteristic (ROC), area under ROC curve (auROC), precision rate, recall rate as well as F-measure score.
A. Experimental design
In order to evaluate the efficiency of feature extracted by this study, 2-mer proximity feature and 2-mer frequency feature are used to form two separate feature vectors for H3K27ac DNA sequences prediction. Both of these features are extracted from 3800 positive and negative sequences. This setting was proposed to evaluate the predictive power of using different features for sequence prediction. Besides evaluating the proximity and frequency feature independently, the second experiment aims to evaluate the efficiency of combining both the proximity and frequency features in predicting histone modification H3K27ac.
In addition, this study also included the 3-mer feature in the evaluation. This experiment aims to discover the applicability of the proposed proximity feature on different lengths of nucleotides in predicting DNA sequences with H3K27ac. All of these experiments were performed by using five-fold cross validation in which the performance analysis results were obtained by averaging results from these five runs. Fig. 6 . ROC curve of prediction using 2-mer proximity,2-mer frequency and combination of both features
B. Results and Discussion
1) Experiment 1:
In the first experiment, a performance comparison between 2-mer proximity feature with 2-mer frequency feature was carried out. Figure 6 illustrates the ROC curve while Table I presents the prediction accuracy results. Proposed 2-mer proximity feature performed better as compared to 2-mer frequency feature in all aspects of performance evaluation. 2-mer proximity feature obtained higher values of auROC (0.004), F-measure score (0.041), precision rate (0.011) and recall rate (0.07) than the conventional 2-mer frequency feature. In addition, there was a high statistical difference of auROC between both of these features indicated by the low p-value of 0.0001. This result showed that the proposed 2-mer proximity feature is able to capture more significant patterns which are important and capable to discriminate between the positive and negative sequences for H3K27ac prediction.
In addition, this study is interested to find out the predictive power of combining both features for the prediction of H3K27ac histone modification. Both 2-mer proximity and frequency features were combined to generate feature with 32 input vectors. As shown in Figure 6 and Table I , the combined feature performed better than 2-mer frequency feature in terms of all the performance measures. This finding was also supported with a low p-value of 0.001 which showed that there is a significant difference between auROC generated by 2-mer frequency feature and combination of 2-mer frequency and proximity feature. This clearly indicates that the 2-mer proximity feature greatly influenced the prediction performance. On the contrary, 2-mer proximity feature outperformed the combined features with slightly higher, 0.004 auROC value, 0.015 precision rate and 0.005 F-measure score. Nevertheless, the combined features are able to obtain a slightly higher precision rate of 0.004 than 2-mer proximity feature. However, there was no significant difference in terms of auROC between both of these features as p-value of 0.609 was computed for this case. Thus, it can be infer that 2-mer frequency feature is not necessary to be included in training the classifier as 2-mer proximity alone is sufficient to produce good prediction accuracy. 2) Experiment 2: Besides evaluating the predictive power between the proposed feature with the commonly used feature, this experiment compares predictive power between different length of proximity feature. Figure 7 and Table II present the comparison on prediction performance between 2-mer and 3-mer proximity feature. ROC curve in Figure 7 shows that 2-mer proximity feature outperformed 3-mer proximity feature significantly with higher auROC score of 0.07 coupled with a very low p-value score of less than 0.001, precision rate of 0.049, recall rate of 0.086 and F-measure score of 0.067. This Fig. 7 . ROC curve of prediction using 2-mer proximity and 3-mer proximity feature may be attributed to the fact that H3K27ac histone modification sequences have properties of 2-mer distribution more than 3-mer distribution. Therefore, 3-mer proximity could not capture the patterns in DNA sequences enriched with H3K27ac in which the feature might become some noise to the classifier. 
3) Experiment 3:
This experiment aims to identify the prediction performance of 3-mer proximity feature when combined with 2-mer frequency feature. Performance results are shown in Figure 8 and Table III . Combining 3-mer proximity with 2-mer frequency greatly improves the overall prediction accuracy as compared to using 3-mer proximity only. From Table III , it can be seen that this combined features have higher auROC score of 0.028, precision rate of 0.017, recall rate of 0.026 as well as F-measure score of 0.021. In addition, a small p-value of 0.001 suggest that there is significant difference in auROC between both features. From this experiment, it is clearly shown that a larger feature vector with useful features is necessary to achieve higher prediction performance. Combining 3-mer proximity feature with 2-mer frequency feature produced a set of feature which can help to complement each other to improve the prediction accuracy.
V. CONCLUSION
This paper presented a method of extracting k-mer proximity feature from DNA sequences which is subsequently used to train the classifier for histone modification prediction. This proposed k-mer proximity feature, specifically 2-mer is able to capture more distinguishing patterns from the positive sequences thus increases the prediction accuracy. This characteristic helped to improve the weaknesses of kmer frequency feature. As the k-mer frequency feature is a simple computation of k-mer occurrences, it can be a random occurrences especially when a very short k-mer is used, such as 2-mer. Therefore, k-mer frequency could not capture all of the distinguishing patterns in the whole positive and negative dataset. Empirical results showed that the proposed 2-mer proximity feature is able to extract significant patterns from the DNA sequences more than conventional k-mer frequency feature.
Nonetheless, there is still a great room for improvement as the k-mer proximity feature has a slightly lower precision rate as compared to the combined feature of 2-mer proximity and 2-mer frequency feature. This could be attributed to the incomplete representation of the proposed feature to the negative dataset. There may be a possibility that the proposed feature only represent a subset of the negative DNA sequences in which the proximity patterns of a certain k-mer could not be identified in some DNA sequences. Therefore, future works should focus on extracting proximity feature from more varieties with longer k-mer length to generate a more complete set of feature.
However, as the k-mer length and varieties increases, there may be a tendency to create features which are redundant and could not be generalized. In order to reduce redundancy and over-fitting, k-mer should be selected appropriately using feature selection methods before it is used for extraction of proximity feature. Detailed analysis to identify discriminating k-mer proximity feature such as high or low proximity score can also be performed to obtain a better understanding on the distribution of different k-mer proximity in the DNA sequences. Last but not least, though this paper primarily focused on prediction of H3K27ac in DNA sequences, the proposed k-mer proximity feature may be applicable to predict other histone modification marks such as H3K4me1 and H3K4me3.
